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What this course is about

e Data science skills complementary to standard econometrics
e Data cleaning and wrangling, visualization, databases, machine learning, etc.
e Research in (broadly defined) International Economics shifts towards empirics

— We never had this course but wish did.
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Today’s Roadmap

e Course overview

e Course logistics



COURSE OVERVIEW



WEEK 1

GETTING STARTED — COURSE OUTLOOK AND
GOOD RESEARCH PRACTICE



Week 1: Getting started

Good research practice, this afternoon:

® Reproducibility
e Versioning, Containerization and IDE

— (Short) introduction to Git, Docker and VSCode

e Set up machine



EXPLORER

 DSIER [DEV CONTAINER: DSIER DOCKER]

> .devcontainer

~ 01-getting-started

> @ example.R
gitignore.

, @ README.md

> OUTLINE
> TIMELINE
X Dev Container: DSIER Docker

& main

o

RPlot — DSIER [Dev Container: DSIER Docker]

if (trequire(pacman)) install.packages("pacnan’); library(pacman)
)_load(data. table)
»_load (ggplot2)

pacnan
pacnan: :

d = data.table(a = c(1:10),

1 b= c(2:11))
12 view(d)
1
14 ggplot(d) +
15 geom_point(aes(x = a, y = b})
16
prROBLEMS (@) OUTPUT  TERMINAL  PORTS (3)  DEBUG CONSOLE
o
if (1 e(pacman)) inst ckages("pacman®); Library(pacnan)
pacnan: : (data. table)
pacnan: : (ggplot2)
d = data.table(a = c{1:
b = c(2:11))
view(d)
yplot(d) +
geon_po aes(x = a, y = b))
1
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{ E=Ns Qi
Bd ) RPIOE X ZEoaa < x 2

[3] R Interactive

A 0



WEEK 2

THE TOOLKIT — RAND THE SHELL



Week 2: The toolkit — R and the shell

e R basics, ‘data.table’, ‘tidyverse' and ‘ggplot2’
e Basic helpful shell commands

e Make and more git

11



WEEK 3

WEB SCRAPING AND APIS



Week 3: Web scraping and APIs

Extracting data from a website
¢ Get the files for the website from a server
— API
— requests, web scraping

e Parse those files (CSS, HTML)

13



Week 3: Web scraping and APIs

e “One Billion Prices Project”: Web-scraped prices for many stores and countries
(Rigobon et al., 2016)

e Are online prices different than offline prices?

e Are reported CPlIs still “true” today?
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Planungsservice mit Termin

a

Produkte  Réume  Angebote  Kundenservice

Produkte > Aufbewarung & Organisation > Regale & Allweckregale > Bicherregale > BILLY Bicherregal

ikea.com

® Aktuelle Informationen

(1

© Produktriickruf

2, Hejlleztanmelden. O &

b PLZeingeben

BILLY

Biicherregal, weil, 80x28x202 cm

Preis inkl Mwst.*
Awkd @74

Wihle Farbe aus
weit

[l Lieferverfugbarkeit priifen

[mb Verfugbarkeit fir Click & Collect priifen

[m Standort auswahlen

pritfen

m in deinem IKEA

B Montageservice & Installation Mehr erfahren
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WEEK 4

SOCIAL MEDIA DATA



Marvin | Runaways
bin mit einer 2.0 n der Kiausur einer der Schiechtesten. Ich studiere das

Falsche, glaube ich langsam
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example_tweet.json

created_at": "Tue Apr 18 15:22:19 +0000 2017",
854354410041991168,

id_str": "854354410041991168",

“text": cht offenbar nicht
"display_text_range": [

nofollow\">Tweetbot for i0S</a>",

2535411248",
ichmagdasnicht",

ut.me/timozander",
: "PhD-Student | Podcastet bei playtogether-podcast.de | bloggt gelegentlich bei insulinaspekte.de und http://tinkengil.com | http://instagram.com/tinkengil,
false,

: false,

“followers_count": 286,

“friends_count": 344,

“listed_coun

en®,
“contributors_enabled
s_translator": false,
“profile_background_color": "EBEBEB",

false,

“profile_background_inage_url": "http://pbs.twing.con/profile background_images, ipeq",
“profile_background_inage_url_https": "https://pbs. twi ofile background i dxrl 1486. ipeq”,
“profile_background_tile": true,

“profile_link_color": "990000"

"profile_: FRFFFF",

“profile_sidebar_fill F3F3F3",

“profile_text_color’

"profile_use_background_inage": false,

“profile_image_url" profile i 48384/2ag6999H normal. jpeg"”

“profile_inage_url_https" pbs. tui profile inages/5493 206999H_normal. ipeq",

“default_profile’



pbs. twimg.com/profile background i ipeg",

“profile_background_image_ur http:
ttps://pbs.t ofile background images/59 86. jpeg"

“profile_background_image_url_https!
"profile_background_tile": true,

FFFFFF",
3F3F3",
false,
“profile_image_url": ://pbs. twimg. com/profile image: normal.ipeg",
“profile_image_url_https": “https://pbs.twing.con/profile i 2206999H normal. ipeq",

“default_profile": false,

“following": null,
“follow_request_sent
“notifications": null

type’
“coordinates'’
54.32436928,
10.12301066
1

{

“coordinates!
“type": "Point",
"coordinates": [

10.12301066,
54.32436928

7a7ed. ison",

“full_name": "Kiel, Germany",
“country_code": "DE",
“country": "Germany",
"bounding_box": {
“type": “"Polygon",
“coordinate: [

10.032037,
54.250693

1,

10.032037,
54.432916

1,

[



10.032037,
54.250693

1,

10.032037,
54.432916

1,

10.218568,
54.432916

1,

10.218568,
54.250693

1

h

"attributes": {}
}
“contributors": null,
“is_quote_status": false,
“retweet_count": @
"favorite_count": @,
“entities": {

“urls": [1,
“user_mention

1{

chmagdasnicht”,
: "Marvin || Runaways",
2535411248,

2535411248",

[

1
“synbols”: [1

“timestamp_ns'

1492528939148"
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Week 4: Social media data

e Twitter, Facebook, Instagram, Spotify, ...
— Hausmann & Hinz (2017), Bailey et al (2018), ...

e Human-recorded data: (Often) actual humans recording/being recorded what they
see, think, listen to, where they are, who they are with, en masse
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TRACK

As It Was by Harry Styles

First Class by Jack Harlow

Heat Waves by Glass Animals

STAY (with Justin Bieber) by The Kid LAROI
Enemy (with JID) - from the series Arcane League of Legends by Imagine Dragons
Bam Bam (feat. Ed Sheeran) by Camila Cabello
Cold Heart - PNAU Remix by Elton John, Dua Lipa
INDUSTRY BABY (feat. Jack Harlow) by Lil Nas X
Envolver by Anitta

Una Noche en Medellin by Cris Mj

Ghost by Justin Bieber

abcdefu by GAYLE

MIDDLE OF THE NIGHT by Elley Duhé

sTREAMS (D)
9,456,043
5,113,837
3,956,511
3,131,056
2,841,206
2,658,851
2,615,083
2,549,615
2,479,875
2,442,540
2,330,239
2,325,809

2,289,566



WEEK 5

EVENT AND SENSOR DATA



Week 5: Event and sensor data

e Event data is any data that you want to measure about an event

e Sensor data is the output of a device that detects and responds to some type of
input from the physical environment.

e Overview of the instruments to tackle counterfactual analysis
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Number of ACLED events

Source: Berman et al. (2017)



Source: Berman et al. (2017)



Figure A.6: Mineral prices (current USD)
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Week 5: Event and sensor data

Berman et al. (2017): “This Mine is Mine! How Minerals Fuel Conflicts in Africa”

e Geolocalized data on conflict events in African countries between 1997-2010
e Geolocalized data on mining extraction of 14 minerals (Raw Material Data)
e Mining activity increases the incidence of conflicts at the local level

e then spreads violence across territory and time
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WEEK 6

NETWORKS



ATL

Who exported Electronic integrated circuits in 2019?

Browse more products here: https://atlas.cid.harvard.edu/

German)

United

States of
America

6.28%

[Mexico_[_ |
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https://atlas.cid.harvard.edu/

Insurance and
finance

Browse more products here:

https://atlas.cid.harvard.edu/

RE  COUNTRI

Commodities not
specified according
to kind

3.07%
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https://atlas.cid.harvard.edu/

Week 6: Trade network

Countries

Capabilities  Products Countries Products

V

@

Available Data

Source: Hidalgo et al. (2009)
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Week 6: The Product Space of Trade

vegetable oils
fishing

forest and paper
o Products

cereals

metallurgy 7  Po Y electronics

=

textiles

Source: Hidalgo et al. (2007)
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Week 6:

Countries in the Product Space

Industrialized East Asia
Countries ~,  Pacific

Latin America

an < Y Sub-Saharan
the Caribbean Africa

Source: Hidalgo et al. (2007)
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Week 6: A glance at BACI

library(vroom)
vroom("~/data/BACI_HS12/BACI_HS12_Y2012_V202102.csv.gz") head( )
Rows: 8989697 Columns: 6
Delimiter: ","
chr (1): k
dol (5): t, 1, j, v, q

t i jk \ q
dbl- ~dbl- -dbl- -chr dbl- -dbl

1 2012 4 8 610469 2.73 0.044
2 2012 4 8 630900 0.11 0.082
3 2012 4 12 091099 1.18 1.2

4 2012 4 32 392630 1.30 0.123
5 2012 4 32 710310 0.096 0.004



Week 6: Networks

1. How to handle trade data as a network

2. Which are useful metrics to capture country’s performance from what they export?
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WEEK 7

SPATIAL DATA



Week 7: Calls in Afghanistan
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Week 7: Calls in Afghanistan
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Week 7: Spatial data

e Working definition: Units indexed time and space
¢ Call Detail Records
— Blumentock et al. (2012): Firm activity after terror incidents
— Ehrlich et al. (2018, 2020): Real life connections in urban environments

® many other spatial data: Taxi Rides, AlS data, ...
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WEEK 8

SATELLITE IMAGERY








































































Week 8: Satellite imagery

e Satellite data: “Unbiased” recording of (human) activity / conditions / environment
e Nightlight data: Where do people live / consume / produce?

e Other data: Gas emissions, ship and airplane movements, ...
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WEEK 9

LARGE STRUCTURED DATA



Week 9: Conventional large data

e Trade not actually between countries, but firms in countries

e Bernard & Moxnes (2018): Vast majority of trade transactions includes at least one
large firm with many trading partners

e Empirical regularities emphasizing firm heterogeneity among both buyers and
suppliers
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Week 9: Conventional large data

Figure 1: Firm-to-Firm Trade. U.S. importers and Norwegian exporters, HS 847990, 2006.
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Week 9: Conventional large data

SO U B WN P-

pacman

data

FECH
int

1901
1901
1901
1901
1901
1901

p_load(data.table)

fread("input/2019_Enero.csv.gz")
head(data)
ADUA PAISGEN PAISPRO PAISCOM DEPTODES VIATRANS BANDERA REGIMEN

ACUERDO

in

t
NA
NA

ALA

int
87
3
48
48
3
48
PBK
char
16800
9,52

- -

int
169
13
17
17
17
23
PNK
char
16800
8,27

-~ o

int
17
23
23
23
23
23
CAN
char
1680
8,2

int int int
169 8 1
23 11 4
23 11 1
23 11 1
23 11 4
149 13 1
U CODA NABAN  VAFODO
char 164 char
(0] KG 506900000 10884,48
7 KG 3822009000 1718,5

- 11 A™AA4ASNANNN

O™ NA

int char

43 €662

23 C100
169 C100
169 C100

23 C100
434 C130
FLETE VACID
char char

1350 12384,48
229,93 1972,91

-~ Ar nAaA =
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Week 9: Conventional large data

VACIP IMP1 OTDER CLASE CUIDAIMP  CUIDAEXP ACTECON CODADAD VADUA

164 164 int char int char int int char

1: 40559296 0 0 P 8001  HAMBURGO 0 87 12384,48

2 6195312 1177000 0 P 11001 WIESBADEN 0 3 1972,91

3 300482 66000 0 P 25126 WALDERSHOF 0 48 91,75

4 690176 151000 0 P 25126 WALDERSHOF 0 48 210,74

5 798770 152000 0 P 11001  HAMBURGO 0 3 254,67

6: 315664460 0 0 P 11001 TORONTO 0 48 100524
VRAJUS BASEIVA OTROSP OTROSBASE TOTALIVAYO SEGUROS OTROSG LUIN
char 164 int int 164 char char char
1 0 40559296 0 0 (0] 150 0 Barranquilla
2 0] 6195312 0 0 1177000 ,26 24,22 Bogota
3 0] 345482 0 0) 141000 ,89 0) Cartagena
4 0] 794176 (0] (0] 324000 2,06 0] Cartagena
5 0] 798770 0 0 152000 ,11 0] Bogota

6 0 315664460 0 0) 0 125,63 24 Cartagena =



Week 9: Conventional large data

CODLUIN DEPIM COPAEX TIPOIM PORARA NIT DIGV
char int int int char 164 int

1 BAQ 8 17 1 0 901052265 6
2 {0]¢] 11 23 1 0 860002134 8
3 CTG 25 23 1 15 900989716 4
4 CTG 25 23 1 15 900989716 4
5 BOG 11 23 1 0 800249678 5
6 CTG 11 149 1 0 900023785 7

RZIMPO DEREL

char int
AGROPECUARIA BARRAZA PACHECO SAS 0
ABBOTT LABORATORIES DE COLOMBIA S.A. 0

BICIJUAN COLOMBIA S.A.S. 45000
BICIJUAN COLOMBIA S.A.S. 104000
JUNGHEINRICH COLOMBIA SAS 0
COLFOODS S A S 0

SO Uk WN -



Colombian firms’ export value
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WEEK 10

TEXT AS DATA



Week 10: Sources of Text Data

Large availability of unstructured text-data from

e websites such as Twitter, Facebook, Google, and Wikipedia
e historical archives and administrative records
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Week 10: Trade Agreements as Text Data

2 master P 1br

@ memoryfull nitial commit
xml
O UcENsE

README.md

= README.md

ToTA: Texts of Trade Agreements

- Dispute [0S
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And Final
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Objectives

General

B Inter-state
USEICUEI Cooperation

ToTA is a machine-readable and annotated full text corpus of preferential trade agreements (PTAs) in XML
format,
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Week 10: Trade Agreements as Text Data

WorldCloud of the document of the Regional Comprehensive Economic Partnership
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Week 10: Evolution of the content of Trade Agreements over time
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0.004

Relative word frequency
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The word "Services" in Trade Agreements

1965 1975 1985 1995 2005

2015
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Week 10: Overview of the topics

1. How to process and extract info from text data

2. Applications:

2.1 Measuring Policy Uncertainty from the News (Baker, Bloom et al. 2016)

2.2 Defining competitive clusters by text descriptions of products (Hoberg and Phillips
2016)
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WEEK 11

OCR: DIGITIZED DATA



Week 11: OCR

¢ |nformation (data) recorded for a long time
— Clay tables, papyrus scrolls, ...

e How to get that information at scale?
— Optical character recognition

e Dell et al. (2020): “The Development Effects Of The Extractive Colonial Economy:
The Dutch Cultivation System In Java”
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Figure 1: Counterfactual Factories Example
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Figure 1: Counterfactual Factories Example
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COURSE LOGISTICS



Schedule

e Morning session: Introduction to topic and relevant paper(s)
e Afternoon session: Hands-on session with the data

— Live-coding
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Coursework

Course project

e Choose a data (unconventional) dataset and either
® Open access AWS data

e Replicate a paper or
e Test own hypothesis
e Final product: Report, website, visualizations... and presentation
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https://registry.opendata.aws/

Coursework

Course project

e Choose a data (unconventional) dataset and either
® Open access AWS data

Replicate a paper or

Test own hypothesis
Final product: Report, website, visualizations... and presentation
Twist: Git repository for all to see
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https://registry.opendata.aws/

Further resources

e Website: datascience.julianhinz.com
e Slack: https:/datascience2024.slack.com

e | ots of references on the website
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datascience.julianhinz.com
https://datascience2024.slack.com

QUESTIONS?

SUGGESTIONS?



GOOD RESEARCH PRACTICE



Session Roadmap

Reproducibility

Git and Github

Docker

ChatGPT & Co.

e Setting up your machines
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REPRODUCIBILITY



Reproducibility

e Mostly for your future self!

e but of course also: Science.
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“Trying to replicate the estimates from an early draft of a paper,
we discover that the code that produced the estimates no longer
works because it calls files that have since been moved.

Now: No longer works.”



“Between regressions number of observations falling. After much
sleuthing, we find that many observations were dropped in a
merge because they had missing values for the county identifier
we were merging on. When we correct the mistake and include
the dropped observations, the results change dramatically.”



“Me and my coauthor write code that refers to a common set of
data files stored on a shared folder. Our work is constantly inter-
rupted because changes one of us makes to the data files causes
the others’ code to break.”



8 building blocks of reproducibility

Code and Data in the Social Sciences (Gentzkow and Shapiro):

Automation
Version Control
Directories
Keys
Abstraction
Documentation
Management
Code Style

© No U~ wWDNPE
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1 — Automation

Automation

1. Automate everything that can be automated.
2. Write a single script that executes all code from beginning to end.
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1 — Automation

Automation

1. Automate everything that can be automated.
2. Write a single script that executes all code from beginning to end.

— Use a “master” file or, even better, use -
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2 — Version Control

Version Control

1. Store code and data under version control.
2. Run the whole directory before checking it back in.
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2 — Version Control

Version Control

1. Store code and data under version control.
2. Run the whole directory before checking it back in.

— Use Git
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3 — Directories

Directories

1. Separate directories by function.

2. Separate files into inputs and outputs.

3. Make directories portable.
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3 — Directories

Directories

1. Separate directories by function.
2. Separate files into inputs and outputs.
3. Make directories portable.

— Use - - - and - folders

85



4 — Keys

Keys

1. Store cleaned data in tables with unique, non-missing keys.
2. Keep data normalized as far into your code pipeline as you can.
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5 — Abstraction

Abstraction

1. Abstract to eliminate redundancy.

2. Abstract to improve clarity.
3. Otherwise, don't abstract.
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6 — Documentation

Documentation

1. Don't write documentation you will not maintain.
2. Code should be self-documenting.
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7 — Management

Management

1. Manage tasks with a task management system.
2. E-mail is not a task management system.
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8 — Code Style

Code Style

oA wNPE

Keep it short and purposeful.
Use descriptive names.

Be consistent.

Profile slow code relentlessly.

Store “too much” output from slow code.

(Stick to style guide)
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Quick aside: Style guides

e Google: https://google.github.io/styleguide/Rguide.html

e tidyverse: https:/style.tidyverse.org
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Introduction to LLMs: ChatGPT and GitHub Copilot

Large Language Models (LLMs) are Al systems trained on massive text data

ChatGPT: Powerful text generator, can be used for academic work

GitHub Copilot: Al-based code generation, supports development tasks

LLMs can improve productivity, but require caution in use

Applications in data science, economic research, and academic writing
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Benefits of LLMs in Academic Work

Rapid literature review and summarization

Guided brainstorming and idea exploration

Assisting with code development and debugging

Drafting and editing academic papers or presentations

Automating repetitive tasks, enabling focus on high-level analysis
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Cautions When Using LLMs

Potential for biased or incorrect information

Lack of understanding or context for complex topics

Over-reliance may hinder critical thinking and originality

Ethical concerns regarding data privacy and usage

Proper citation and attribution to avoid plagiarism
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Best Practices for LLMs in Academic Work

Cross-validate information with trusted sources

Use LLMs as a complementary tool, not a substitute for expertise

e Engage in regular peer review for insights and feedback

Be transparent about LLM usage in research and publications

Stay updated on LLM advancements and ethical guidelines
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= LLMs in Academic Work. +

Model: GPT-4

I need 4 slides to add to my lecture slide deck for the course “Data Science in International
Economics”. They should be about LLMs — and chatGPT and Github Copilot specifically

— and how it can and should be used for academic work. Give examples where and how they
help, and where one needs to be cautious. Write the slides in Latex, with no more than 5
bullet points each.

Slide 1

\begin{frame}
\frametitle{Introduction to LLMs: ChatGPT and GitHub Copilot}

\begin{itemize}

\item Large Language Models (LLMs) are Al systems trained on massive text data
\item ChatGPT: Powerful text generator, can be used for academic work

\item GitHub Copilot: Al-based code generation, supports development tasks
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= LLMs in Academic Work. +

. Slide 1

\begin{frame}
\frametitle{Introduction to LLMs: ChatGPT and GitHub Copilot}

\begin{itemize}

\item Large Language Models (LLMs) are Al systems trained on massive text data
\item ChatGPT: Powerful text generator, can be used for academic work

\item GitHub Copilot: Al-based code generation, supports development tasks
\item LLMs can improve productivity, but require caution in use

\item Applications in data science, economic research, and academic writing
\end{itemize}

\end{frame}

Slide 2
\begin{frame}
\frametitle{Benefits of LLMs in Academic Work}
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LLMs in Academic Work.

Slide 2
\begin{frame}
\frametitle{Benefits of LLMs in Academic Work}

\begin{itemize}

\item Rapid literature review and summarization

\item Guided brainstorming and idea exploration

\item Assisting with code development and debugging

\item Drafting and editing academic papers or presentations

\item Automating repetitive tasks, enabling focus on high-level analysis
\end{itemize}

\end{frame}

Slide 3
\begin{frame}
\frametitle{Cautions When Using LLMs}

Native

Web

o

+
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LLMs in Academic Work.

Slide 3
\begin{frame}
\frametitle{Cautions When Using LLMs}

\begin{itemize}

\item Potential for biased or incorrect information

\item Lack of understanding or context for complex topics
\item Over-reliance may hinder critical thinking and originality
\item Ethical concerns regarding data privacy and usage
\item Proper citation and attribution to avoid plagiarism
\end{itemize}

\end{frame}

Slide 4
\begin{frame}

\frametitle{Best Practices for | | Ms in Academic Work}

Native

Web
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\end{frame}

Slide 4
\begin{frame}

\frametitle{Best Practices for LLMs in Academic Work}

\begin{itemize}

\item Cross-validate information with trusted sources

\item Use LLMs as a complementary tool, not a substitute for expertise
\item Engage in regular peer review for insights and feedback

\item Be transparent about LLM usage in research and publications
\item Stay updated on LLM advancements and ethical guidelines

\end{itemize}

\end{frame}
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Data Science for Economists

Julian Hinz & Irene lodice

Bielefeld University
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